In a multispectral color imaging system, the spectral reflectance of the object being imaged always needs to be accurately reconstructed by employing the training samples on specific color charts. Considering that the workload is heavy when all those color samples are used in practical applications, it is important to select only a limited number of the most representative samples. This is possible as the color charts are usually designed to cover the range of commonly imaged colors, and the color samples are redundant for spectral image reconstruction. We propose an eigenvector-based method and a virtual-imaging-based method for representative color selection by minimizing the total reflectance root-mean-squares errors. The effectiveness of the proposed methods is confirmed by experimental results when compared with existing techniques.
Introduction
In the field of color imaging, multispectral imaging has been extensively studied in recent years. An important objective of a multispectral color imaging system is to transform the device-dependent camera response to the device-independent spectral reflectance, which is referred to as spectral characterization [1] [2] [3] [4] [5] [6] . After spectral characterization, the reflectance of the object surface can be reliably reconstructed at a pixel scale spatial resolution. Several methods, such as Wiener estimation [1] [2] [3] , pseudoinverse [4, 5] , and finite-dimensional modeling [4, 6] , have been studied for reflectance reconstruction. Among these methods, Wiener estimation is widely used as it can explicitly incorporate the correlation information of both spectral reflectance and imaging noise [1] [2] [3] .
The mathematical transform for reflectance reconstruction is generally determined based on the imaging responses of all the color samples on standard and custom-made charts or even from Munsell chips [7] . The widely adopted color charts include the GretagMacbeth ColorChecker (MCC), the GretagMacbeth ColorChecker DC (CDC), and the American National Standards Institute (ANSI) IT8 charts. The MCC chart contains 24 colors, with 18 representing the colors of natural objects and six being grayscale ones. Both the CDC and IT8 charts include more than 200 colors. In spectral characterization it is possible that the accuracy of the mathematical transform determined by the 24 samples on the MCC chart is not optimal for other object colors. On the other hand, if all the colors on the CDC chart are employed, the workload becomes too heavy for practical applications. The solution to this problem is to select the most representative colors from the CDC chart or Munsell chips. Recently, Mohammadi et al. presented a color selection method by first grouping the similar samples into clusters and then choosing representative samples for the clusters based on vector angle analysis [8] . Cheung and Westland proposed four metric formulas to choose optimal colors for colorimetric characterization based on the criterion that the subsequent color to be selected into the representative color subset should be as different as possible from those already selected [9] . Hardeberg presented a method for significant color selection based on the criterion of minimum condition number (CN) to estimate the spectral sensitivity of an imaging system [4] . More specifically, he sought to minimize the ratio between the largest and smallest singular values of the selected reflectance subset. It is noted that the methods presented by Chueng and Westland [9] and Hardeberg [4] are both based on the similar assumption that the representative colors in the selected subset should be most distinct from each other.
In this study we propose two new color selection methods for spectral characterization under the criteria that the selected samples should produce minimum spectral root-mean-square (RMS) errors if they can optimally represent the whole color set. The first method, referred as the eigenvector-based (EV) one in this paper, tries to find the representative reflectance subset whose eigenvectors most accurately model the reflectances of the whole color set. The second method, referred as the virtual-imaging-based (VI) one, attempts to minimize the RMS errors between the actual reflectances and the estimated reflectances in a virtual multispectral imaging system. An experiment is conducted to evaluate the effectiveness of the proposed methods by using both synthetic data and real data.
The rest of this paper is organized as follows. Section 2 introduces the multispectral imaging process and the reflectance reconstruction based on Wiener estimation. Section 3 presents a color selection framework under which different methods can be unified. The proposed EV-based and VI-based color selection methods are described in Section 4. The experimental evaluation of the proposed and existing methods is presented in Section 5. Section 6 is the conclusion.
Reflectance Reconstruction by Using Wiener Estimation

A. Formulation of the Multispectral Imaging Process
A multispectral imaging system usually consists of a monochrome camera and a series of filters covering the visible spectrum from 400 to 700 nm. Without loss of generality, we suppose the camera response is proportional to the intensity of light entering the camera sensor and the visible spectrum is uniformly sampled into N samples. The multispectral imaging process can be represented using the matrix vector notation as follows:
where v is the C × 1 vector of the camera responses, with C being the channel number; M is the C × N matrix of spectral responsivity; r is the N × 1 vector of spectral reflectance; and b and n are the C × 1 vectors of dark current response and imaging noise, respectively. It is noted that the spectral responsivity M denotes the combined effect of the spectral power distribution of the imaging illuminant, the spectral transmittances of the filters, and the spectral sensitivity of the camera. By imaging a series of color patches with known reflectances, the terms M and b can be solved mathematically under the constraint of positive responsivity [10] . If we let
B. Spectral Characterization by Wiener Estimation
The objective of spectral characterization of the multispectral imaging system is to convert the device-dependent camera response u into the deviceindependent spectral reflectance r. More precisely, we need to find an N × C matrix W that transforms u into the reconstructed reflectancer,
such that the spectral error between r andr is minimized. For Wiener estimation, the transform matrix W is
where the superscript T denotes matrix transpose and
are the autocorrelation matrices of reflectance r and noise n, respectively. Ef⋅g denotes the statistical expectation operator. We assume the noises of the channels are independent of each other and hence K n is a diagonal matrix. The noise variance of the cth (1 ≤ c ≤ C) channel can be computed as
where ‖ · ‖ denotes the Frobenius norm, u c represents the cth element of u, and m c represents the cth row vector of M.
Framework for Representative Color Selection
In this section we propose a framework for selecting the representative color subset Ω from the whole color set Θ for the purpose of reflectance reconstruction.
Under this framework the different color selection criteria can be unified by defining different object functions. For clarity the reflectance in the subset Ω is denoted by s and that in the set Θ is denoted by r. We suppose L samples are ultimately selected from Θ as representatives, and use Ω k (1 ≤ k ≤ L) to denote the subset containing k representative samples. First of all, we need to select the first color sample s 1 of Ω 1 from the samples r j in Θ. Previous studies [4, 9] showed that selecting the sample with maximum variance in spectral reflectance would be a good choice:
with
Suppose that after k − 1 times of selection, Ω k−1 contains k − 1 samples, i.e., s 1 , s 2 , …, and s k−1 . Then the selection of the kth sample s k can be determined by minimizing an objective function J:
where Ω k−1 is the complement of Ω k−1 . After the kth selection Ω is updated according to the following:
In this way, the color selection can be represented by the objective function J. For the CN-based method [4] , J is defined as
where matrix ½Ω k−1 ∪fr j g ¼ ½s 1 ; :::; s k−1 ; r j and d max and d min are the maximum and minimum singular values of the matrix, respectively. The object function J for the MAXSUMS metric proposed by Cheung and Westland [9] can be defined as
Note that the first minus notation "−" in Eq. (13) is used to convert the "maximum" operation to the "minimum" one. The objective functions of other three metrics (MAXMINS, MAXSUMC, and MAXMINC) [9] can be defined in similar ways. Our investigation indicates MAXSUMS is the best one among these four metrics in spectral characterization.
After all the needed L representative samples are selected, the transform matrix W s;L of Wiener estimation using these representative training colors becomes
where K s;L is the autocorrelation matrix of the representative reflectances
Proposed Methods
It is worthwhile to mention that the objective functions in Eqs. (12) and (13) of the existing methods try to select the most distinct samples under their respective metrics. We argue that, as the selected representative samples are used for spectral characterization, they should be the most "representative" ones under the criteria of minimum spectral errors in reflectance reconstruction. Based on this consideration, we propose two new methods for representative color selection.
A. EV-Based Color Selection
In the EV-based method, the representative color is selected based on the criterion that the eigenvectors of the subset Ω k should cover most of the reflectance characteristics of the whole set Θ. To compute the eigenvectors of Ω k−1 ∪fr j g, we apply singular value decomposition (SVD) [11] as follows:
where U is an N × N column-orthogonal matrix, D is a N × k matrix with nonzero singular values in its diagonal elements and zeros elsewhere, and V is a k × k column-orthogonal matrix. The matrix U is composed of N eigenvectors of the symmetric matrix ½Ω k−1 ∪fr j g ½Ω k−1 ∪fr j g T . If the selected k samples are representative, the most important P eigenvectors associated with the P largest singular component values should be able to represent the reflectance r ∈ Θ accurately [3, 12, 13] . Our investigation indicates that color accuracy of the EV-based method does not change significantly when the value of P varies from 10 to 20. In this regard, we use P ¼ 15 in the experiment.
For a reflectance r ∈ Θ, it can be represented by the p ¼ minðk; PÞ most important eigenvectors as
where U p is the N × p matrix composed of the p eigenvectors and a is the corresponding p × 1 coefficient vector, which can be easily solved as
where the superscript þ denotes matrix pseudoinverse. By substituting Eq. (18) into Eq. (17), the estimate of reflectance r can be computed aŝ
If the eigenvector matrix U p represents the reflectance r ∈ Θ accurately,r EV should be very close to r. Based on this point, the objective function of the EV-based color selection is defined as
where I is the N × N identity matrix. It is noted that the objective function in Eq. (20) does not depend upon the multispectal imaging system.
B. VI-Based Color Selection
If the corresponding camera response u for each reflectance r ∈ Θ is known, the spectral RMS error for the objective function can be computed between the actual reflectance and the reconstructed reflectance in Eq. (4). However, the camera responses of the reflectances r ∈ Θ are unknown at the stage of color selection, and only the representative samples will be imaged for the subsequent spectral characterization. Our solution is to build a VI system with virtual spectral responsivity M VI so that the virtual response u VI for a reflectance r ∈ Θ is computed as
In this study we assume M VI is of narrowband, and the first and Nth filters (corresponding to 400 and 700 nm wavelength, respectively) are included in all filter combinations. For a multispectral imaging system with C channels, the channel interval
and the filter index of the cth (1 ≤ c ≤ C) channel is Table 1 gives the corresponding values of the channel interval Q and the filter index qðcÞ) for different channel numbers C. Although the spectral transmittances of actual narrowband filters are generally of approximate Gaussian shapes [14] , we assume those of the virtual imaging system are of quite simple forms:
where 1 ≤ c ≤ C and 1 ≤ j ≤ N. Equation (24) means that the spectral responsivities of the cth channel are 100% at the position qðcÞ and its adjacent left and right sides and 0% elsewhere. For illustration Fig. 1 plots the shapes of M VI with six and 11 channels. As can be observed from Eq. (24) and Fig. 1 , the bandwidths of the VI spectral responsivities of the first and Cth channels are 20 nm and those of other channels are 30 nm. For the spectral characterization of the VI system we compute the autocorrelation matrix of the selected representative reflectances in set Ω k−1 ∪fr j g:
where r j ∈ Θ∩ Ω k−1 . The reflectance of the VI system can be estimated using Wiener estimation without the consideration of imaging noise:
Then the objective function of the VI-based color selection is
Experiment and Discussion
The multispectral color imaging system used in this study includes a monochrome digital camera manufactured by QImaging and a liquid-crystal tunable filter (LCTF) made by Cambridge Research and Instrument. The relative spectral transmittances of the 31 filters in the range of 400-700 nm are shown in Fig. 2 . For the peak wavelengths less than 440 nm the filters contain much noise, which indicates that the filters are not ideal. The multispectral images of the CDC chart were acquired using the imaging system under an approximate D65 lighting condition. The spectral reflectances of the color patches on the MCC and CDC charts were measured using a GretagMacBeth spectrophotometer model 7000A.
In total, 198 colors on the CDC chart were used in the experiment, excluding the glossy ones and the duplicated darkest ones. The reflectances of 1269
Munsell color chips were obtained from the website http://spectral.joensuu.fi and were resampled at a 10 nm interval. We did not acquire the multispectral images of the MCC charts and Munsell chips using the actual imaging system as these two targets were only used for computer simulation. In the experiment different channel numbers, i.e., 6, 11, and 16, were used. Table 1 shows the channel intervals and filter indices of different channel numbers. The evaluations of color selection methods were conducted on two different datasets, i.e., the synthetic one and the real one. In the synthetic dataset part, we investigated the influence of different levels of imaging noise and different channel combinations as well. In the real dataset part, only the influence of different channel combinations was studied. The performances of the color selection methods were evaluated in terms of the color accuracy of the Wiener estimation-based spectral characterization. For a thorough comparison, we also conducted spectral characterization using the 198 CDC colors, the 1296 Munsell charts, and the 24 MCC colors in the experiment. Table 2 shows the color targets used in the experiment parts using synthetic and real datasets.
To evaluate the color accuracy of spectral characterization quantitatively the spectral RMS error between the actual and reconstructed reflectances is computed as
The colorimetric error ΔE 00 is computed according to the CIEDE2000 color difference formula [15] for the 1964 CIE 10°standard observer under the standard illuminants D65 and F2.
A. Synthetic Dataset Part
In the synthetic dataset part the color selection methods are evaluated on the Munsell chips. The spectral responsivity M of the imaging system is assumed to be known a priori and the synthetic response u syn of the Munsell chips is simulated as
where n σ denotes Gaussian noise with zero mean and variance σ 2 . Note that the spectral responsivity M in Eq. (29) is the one presolved from the real multispectral system. The corresponding signal-to-noise ratio (SNR) is
where the term TrðMK r M T Þ is the average signal power captured by the simulated multispectral imaging system. In this study the synthetic responses are simulated under the noise level SNR ¼ ∞ and 50, respectively. Figure 3 illustrates the relationship between spectral RMS error of reflectance reconstruction and the number of representative colors L. It is found that the spectral error is relatively stable when L varies from 25 to 80. This trend is similar to the findings of Mohammadi et al. [8] . As the MCC chart contains 24 samples we let L ¼ 24 in the experiment for convenience of comparison. Figure 4 shows the average spectral RMS errors and ΔE 00 errors (under D65) for all of the methods mentioned under different combinations of channel number C and SNR value. It is clear that when C is fixed, the multispectral imaging system with a higher SNR will produce a more accurate reflectance reconstruction for each method. As expected, the spectral and colorimetric errors decrease with respect to the increasing of C value. It is interesting to observe that the color errors fall rapidly when C changes from 6 to 11. However, this effect is not so obvious between the channel numbers 11 and 16. Take the EV-based method under the condition of SNR ¼ ∞ for an example. The improved spectral accuracy is 0.008 (¼0:0125-0:0045) when C changes from 6 to 11, but it is only 0.0015 (¼ 0:0045-0:0030) when C varies from 11 to 16. In this regard, we consider that the multispectral imaging system with 11 narrowband filters can produce acceptable reflectance reconstruction.
It is also clear that under each combination of C and SNR the proposed EV-based and VI-based methods are more efficient than the MCC and MAX-SUMS methods. This indicates that the selected 24 representative colors according to the proposed methods outperform the usually adopted MCC target. In most cases the mean spectral and colorimetric errors of the two proposed methods are lower than the CN-based method. The only exception is the combination of C ¼ 16 and SNR ¼ 50.
B. Real Dataset Part
In the real dataset part of the experiment the color selection methods are evaluated on the actual imaging responses of the 198 colors on the CDC chart. The spectral responsivity of the imaging system was also mathematically recovered from the selected representative samples. The spectral RMS errors and color difference errors of the reflectance reconstruction are listed in Table 3 . It is found that for all of the different channel combinations the mean spectral errors of the two proposed methods are the lowest among all methods (except the one using all samples). The proposed methods also outperform the CN-based method in the cases of C ¼ 6 and 11 in terms of mean colorimetric errors. In the case of 16 channels, however, the mean colorimetric errors of the proposed methods are higher than those of the CN-based method. This is unsurprising as the improvement of the VIbased method over the CN method is only 0.0008 in terms of spectral RMS error. Because of the nonlinear transform between reflectance and CIELAB color space and the complicated calculation in the CIEDE2000 formula, this increased magnitude of spectral accuracy cannot ensure the improvement of colorimetric accuracy. Figure 5 shows the reconstructed reflectances using the different color selection methods when C ¼ 11. It is observed that although the reconstructed reflectances of the proposed two methods do not match the actual ones perfectly they are the best ones when compared with other methods. These findings are consistent with those obtained from the experiment using the synthetic dataset.
Conclusion
The accurate construction of spectral reflectance is an important objective for a multispectral color imaging system. We proposed two methods for the selection of representative color samples for spectral characterization by minimizing the spectral RMS errors of the whole color set. The first method selects the representative samples whose eigenvectors can accurately model the reflectance set, while the second method attempts to find the representative samples that minimize the actual and estimated reflectances of a virtual-imaging system. Experiments were conducted to evaluate the different color selection methods in the cases of different channel combinations, using both a synthetic dataset and a real dataset. It was shown that the two proposed methods are effective when compared with other existing methods in terms of both spectral and colorimetric errors. It is noted that the performance of the proposed color selection methods are evaluated by only three color sets in this study. However, due to different materials and pigment composition, the reflectance characteristics of other objects may be different from those in this study. In future work we will investigate the representative color selection and spectral characterization using other typical materials, such as plastics and textiles. The minima of the average color errors of the four methods (MAXSUMS, CN, EV, and VI) are in bold type. 
